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Abstract 
This paper proposes an approach based on mathematical modeling for tactical and operational decision-making in urban distribution of goods.
Collaborative and non-collaborative scenarios are compared using real-data from the city of Bogota, Colombia. Both scenarios are modeled as 
capacitated vehicle routing problems (CVRP). Results highlight the quantitative benefits that can be achieved when collaborative logistics 
operations are implemented, represented in transportation costs reduction and service level increase when final demand is uncertain. Although 
these results might not be surprising, the contribution of this paper is centered in the fact that the impacts of collaboration in urban logistics 
have not yet been quantified and well understood. This work opens new directions for further research in this field. 
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1. Introduction 
Urban transport systems have strongly evolved in the last 
years, leading to different paradigms and functional schemes. 
Because of the increase in (people and freight) mobility 
patterns in cities, new services based on resource sharing, such 
as collaborative last mile delivery, have appeared. One of the 
essential services in cities that contribute to the quality of life 
is transportation [1,2]. Efficient methods for transport 
planning have become increasingly important [3]. As pointed 
out by Moore and Pulidindi [1], “economically and socially 
vibrant urban areas cannot exist without a system for moving 
people, goods and services. The health of cities, and their 
ability to generate income and wealth for their inhabitants, is 
improved if the transportation system is efficient, and if its 
construction and operation consider its impacts on citizens, 
land use, the environment and economic development”.
This paper addresses the problem of last mile urban freight 
transport under collaborative schemes. In the academic 
literature, this research topic is usually referred as “city 
logistics”, understood as the last link of complex supply 
chains involving numerous stakeholders (carriers, 
shopkeepers, customers, inhabitants, city government and 
public administration, etc.). City logistics is a very small part 
of the total transportation time of goods but it may represent 
up to 28% of their total transportation costs [4] and related air 
pollution emissions is estimated to be between 16% and 50% 
of the global pollution due to transport activities in cities [5].
City logistics problems very often remain unsolved and most 
efforts are focused on solving problems that may have a 
straightforward impact on populations [5]. It looks obvious 
that urban goods transportation must be taken into account in 
city planning. 
In such a complex context, this paper aims at proposing an
analytical approach, based on mathematical modeling, to 
evaluate the benefits of collaborative freight delivery in urban 
areas. The goal is to compare the allocation-routing decisions 
in both non-collaborative and collaborative scenarios. We 
assume that initially different companies control carriers and 
shippers and hence each of them must define the 
corresponding routing for goods delivery. Afterwards, we 
analyze an ideal routing scenario in which cooperation among 
companies takes place. In this collaborative scenario, 
companies are incentivized to share their customers in order to 
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improve their individual profits by reducing their 
transportation costs, the number of necessary vehicles and, as 
direct consequence, the environmental impact of their delivery 
activity is reduced and the service level is increased. 
The rest of this paper is organized as follows. Section 2 
describes in detail the problem under study. The solution 
approach is presented in Section 3. The approach is applied to 
a case study described in Section 4. Finally, Section 5 presents 
some concluding remarks and research perspectives. 
2. Problem description 
One of the most important issues to be addressed in cities 
planning and management concerns the efficient and cost-
effective transport of goods. Freight or goods transport is 
required for people to live but it is also a disturbing activity 
due to congestion and environmental nuisances, negatively 
affecting the quality of life. City logistics has been developed 
giving solutions and methods to support public authorities and 
other stakeholders in urban freight transport planning and 
management [6]. In order to improve the efficiency and 
effectiveness of urban logistics systems, decision-makers have 
been led to consider collaborative strategies to reduce overall 
cost of the supply process [7]. This phenomenon has been 
increased by both the new trends in retail and commerce 
organization and the technological innovation in supply chain 
and distribution planning [8]. Collaborative schemas are 
commonly used in the field of supply chain management [9]. 
However, collaborative and mutual strategies in urban freight 
transport remains less explored,, especially in developing 
economies where the retailing is dominated by small stores 
and the cities infrastructure is insufficient to deal with the 
increase in traffic [10]. Collaboration in urban freight delivery 
is hence one of the most promising areas of study. 
Collaboration in urban logistics can take place at several 
stages and with different levels of interaction [8,11]: 
transactional, informational, and decisional. This last 
collaborative dimension concerns the collaboration at 
different planning horizons of logistics and transportation 
activities: 
x Operational planning, related to daily operations that can 
be coordinated or shared (goods transportation or cross-
docking), 
x Tactical planning, related to middle-term planning stage 
regarding forecasting, shipping, inventory, production 
management and quality control, 
x Strategic planning (the highest collaboration stage), related 
to long-term planning decisions such as network design, 
facility location, finance and production planning. 
Collaboration is possible when at least two actors share 
their efforts to reach a common objective. Collaboration in 
urban logistics requires confidence, trust, and information 
sharing between the actors involved in the process. 
Technological issues are of high relevance to ensure effective 
and efficient collaboration networks in urban goods transport. 
In addition, the diverse and (very often) conflicting interests 
of stakeholders have to be taken into account. This situation 
usually drives to a multi-objective or multi-criteria decision-
making problem. Tools and methods from Operational 
Research field and the Management Sciences are required. 
 This paper presents the implementation of mathematical 
modeling and heuristic solution approach of tactical and 
operational problems, respectively, client allocation and 
vehicle routing. 
3. Solution approach 
This paper proposes a framework that seeks to measure the 
implementation of collaborative strategies in last-mile 
delivery of goods in cities. The aim is to compare the 
operational efficiency and effectiveness, the transport costs 
(i.e., travel distance or travel time), the fleet utilization, the 
service level and the carbon emissions in both collaborative 
and non-collaborative scenarios when final demand is 
uncertain. The generic global approach, presented in Figure 
1,is composed of five main phases. Phase 1 defines the 
characteristics of the particular case. Phase 2 solves the last-
mile delivery problem without horizontal collaboration while 
Phase 3 solves it using a collaborative strategy. Phase 4 
evaluates the performance of each solution and, finally, Phase 
5 compares them. Details of each phase are described next. 
 
  
Fig. 1. Global generic approach (source: authors’ own elaboration) 
3.1. Last-Mile Delivery characterization 
As explained before, the last-mile delivery is a common 
logistics transport problem in urban areas with significant 
fulfillment constraints and an associated economic, 
environmental and social cost. The objective of this first 
phase is the identification of all the elements of the case under 
analysis. The key elements are: location of depots and stores, 
demand of those stores, capacity of the available fleet and 
distances/cost between nodes (i.e. travel distance between the 
depots and the stores and between the stores). However, 
others elements of interest may be expected service level or 
regulated access to stores (i.e. time windows). It is important 
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to note that demand of delivery points (i.e., stores) in real-life 
situations can be modeled using stochastic distribution. In our 
approach, this variable demand is known prior to the routing 
process. 
3.2. Non-Collaborative Scenario 
In the Non-Collaborative scenario, each company defines 
its delivery plan independently in which customers are never 
shared and each company is just trying to minimize its own 
routing costs. Hence, each company individually solves its 
own vehicle routing problem with vehicle capacity constraints 
for a local optimization. 
The routing problem for each company is solved using the 
mixed-integer linear programming (MILP) model presented 
below. As a variable demand is assumed, and known prior to 
the routing process, several instances of the CVRP are solved: 
one instance per each different set of demands of delivery 
points. Note that this model seeks a balanced routing and has 
a maximum time length for the routes. Binary variables are 
defined: ௜ܺ௞ ൌ ͳ if vehicle k goes from the depot to delivery 
point i, and 0 otherwise; ௜ܻ௞ ൌ ͳ  if vehicle k goes from 
delivery point i to depot, and 0 otherwise; and ܤ௜௝௞ ൌ ͳ  if 
vehicle k goes from delivery point i to delivery point j, and 0 
otherwise. In addition, the following notation is needed: 
Sets: 
݅ǡ ݆ǡ ݄ ൌ ሼͳǡʹǡ ǥ ݊ሽ  
݇ ൌ ሼͳǡʹǡ ǥሽ  
 
Parameters:  
݀ͳ௜: Distance between depot and delivery point ݅  
݀ʹ௜: Distance between delivery point ݅ and depot 
݀͵௜௝: Distance between delivery points ݅ and ݆ 
ܰ: Total number of delivery points 
ܯ: Total number of vehicles 
ܸ: Average vehicle travel speed 
ܶ: Maximum route time 
ܦ௜: Demand of delivery point i 
ܥܣܲ: Maximum capacity of vehicles 
 
The mathematical model is presented next: 
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Objective function (1) expresses the total transportation 
distance. Constraints (2) and (3) ensure that each route must 
start and end at the depot, respectively. Constraints (4) define 
the route sequence per vehicle. Constraints (5) force that all 
delivery points to be visited exactly once. Constraints (6) 
guarantee the balance of routes. Constraints (7) establish the 
maximum time length of routes. Constraints (8) ensure that 
the maximum capacity of vehicles is not violated. Constraints 
(9) force the elimination of sub-tours. Finally, constraints (10) 
ensure variables only take binary values. 
3.3. Collaborative scenario 
In order to improve the performance of the transport 
system in last-mile delivery (e.g. transport costs reduction, 
increase of vehicle utilization, etc.), a collaborative scenario is 
proposed. This scenario is the ideal case in which full 
horizontal collaboration among companies takes place. The 
horizontal collaboration is a business agreement between two 
or more companies at the same level in the supply chain or 
network in order to allow ease of work and co-operation 
towards achieving a common objective [12]. In this 
collaborative scenario, companies are incentivized to share 
trucks, routes and costumers in order to improve their 
individual turnovers by reducing transportation costs, number 
of necessary vehicles and offering in many cases a better 
service to customers, aside of reduce the environmental 
impact of the delivery activities. 
In our approach, this scenario is modeled as a multi-depot 
capacitated vehicle routing problem (MDCVRP) in which any 
company can deliver any of the stores for a global 
optimization. This approach becomes a more challenging 
problem from the computational time point of view because 
of the NP-hard complexity of the MDCVRP [13]. The 
academic literature has witnessed the proposition of several 
solution approaches, based on exact and approximate 
algorithms, to solve this problem [14]. In order to overcome 
the NP-hardiness of the MDCVRP, the solution procedure 
will be based on a two-phase hierarchical heuristic approach.  
The first phase considers the allocation of delivery points 
to depots, while the second phase considers the routing of 
each set determined in the previous phase. The allocation 
phase is solved using the MILP model presented below while 
the routing problem is solved using the same MILP model 
used to solve the VRP in the non-collaborative scenario (see 
Subsection 3.2). As mentioned before, in order to face the 
stochastic demand, several instances are solved using this 
hierarchical heuristic: one instance per each different set of 
demands of delivery points. 
In the allocation model, binary variables are defined: 
௜ܺ௝ ൌ ͳ if the depot located at site i serves the delivery point 
(store) j. Integer variables are also defined: ௜ܻ  is number of 
vehicles assigned to depot located at site i. In addition, the 
following notation is needed: 
Sets:  
݅ ൌ ሼͳǡʹǡ ǥ ݊ሽ  
݆ ൌ ሼͳǡʹǡ ǥ݉ሽ  
Parameters:  
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ܿ௜௝: Distance between depot ݅ and delivery point ݆  
ܦ௝: Demand of delivery point j 
ܥܣܲ: Capacity of vehicles  
ܷ: Minimum level of vehicles utilization 
The mathematical model for the allocation phase is: 
 
෍෍ܿ௜௝ ௜ܺ௝
௝௜
 (11) 
෍ ௜ܺ௝ ൌ ͳ
௜
ǡ ׊݆ (12) 
௜ܻ ൒
σ ௜ܺ௝ܦ௝௝
ܥܣܲ ǡ ׊݅ (13) 
෍ ௜ܺ௝ܦ௝
௝
൒ ܷ כ ܥܣܲ כ ௜ܻǡ ׊݅ (14) 
௜ܺ௝ א ሼͲǡͳሽǡ ׊݅ǡ ݆ (15) 
௜ܻ א Ժାǡ ׊݅ (16) 
 
Objective function (11) expresses the total allocation 
distance to be minimized. Constraints (12) ensure that each 
delivery point is be assigned to only one depot. Constraints 
(13) state the necessary number of vehicles to meet demand. 
Constraints (14) force vehicles to be loaded to a minimum 
level. Note that this utilization level can be defined only in the 
collaborative scenario, because the companies can share their 
customers. Finally, Constraints (15) and (16) define the values 
of decision variables. 
It is important to recall that, after the allocation phase, the 
routing is solved using the MILP model for the CVRP in the 
non-collaborative scenario. 
3.4. Performance evaluation and Final comparison 
In the mathematical models presented previously, the 
traveled distance is considered the objective function to be 
minimized.  Indirectly, other metrics can be evaluated, such as 
service level, number of routes, vehicle utilization, travel 
time, and level of carbon emissions. All selected metrics will 
be part of the performance of each scenario. As a stochastic 
demand is assumed, several instances, each one with a 
different set of demands, are evaluated in order to carry out 
statistical analyses.  At this point, it is important to highlight 
that the decision maker might be interested in a multi-
objective optimization or in a multi-criteria analysis. For the 
purpose of the current paper, we carry out a single-objective 
optimization approach, with an a posteriori evaluation of 
other metrics. 
The last phase of the proposed analysis approach consists 
on a comparison between performances of non-collaborative 
and collaborative scenarios. It is expected that the 
collaborative scenario conduct to a better overall 
performance. The objective of this comparison is to quantify 
the impacts of a collaborative system in urban logistics in all 
the selected metrics (e.g. service level, level of vehicles 
utilization, etc.). 
4. Application and analysis of results 
As an extension of our previous works (see [9]) adding the 
assessment of stochastic demand, the proposed approach was 
tested using real data from the three major networks of 
convenience stores (proximity shops) operating in Bogota, 
Colombia. Bogota is the capital of and the largest city in 
Colombia. It is the fifth largest city in Latin America and 
twenty-fifth in the world [15]. The selection of Bogota as the 
city under study allows us to have a complex and complete 
example of the behavior of cities in emerging economies. 
Modern convenience stores offer not only food, snacks, drinks 
but also daily services, including payment of bills (e.g. 
utilities), purchase of tickets (e.g. trains/buses, concerts or 
sport events) and many others.  
As part of the case characterization, actual locations of 
proximity shops of selected companies are obtained using a 
geographical information system (GIS). Company E has a 
total of 16 stores, Company O has a total of 35 stores, and 
Company M has 10 stores. The origin-destination matrix was 
obtained using actual driving distances using Google MapsTM 
mapping service (accessed: 24 August 2014). Among the 
different options provided by the software, the shortest path 
was kept for calculations in this study. The selected vehicle 
for urban freight transport was the Renault Kangoo Van, with 
800 kg of payload and 119 g/km CO2 emissions [16]. 
Stochastic demand was randomly generated from a uniform 
distribution between the 1% and the 10% of the maximum 
vehicle load capacity. It is also assumed that availability of 
the necessary vehicles fleet achieves a 100% of service level. 
Finally, to carry out statistical analyses, ten different sets of 
demands (instances) for all the 61 delivery points were 
generated. In order to replicate the experiments, full origin-
destination matrixes and stochastic demand sets are available 
upon request to the corresponding author of this paper. 
First, each instance (different set of demands) is analyzed 
under a non-collaborative strategy in which each Company 
Headquarter (depot) must define the routing of their vehicles 
to deliver goods at each store (delivery points) for a local 
optimization. Each of these instances is modeled as a (single-
depot) capacitated vehicle routing problem (CVRP) and 
solved using the mathematical model presented in Subsection 
3.2. Results in terms of delivery distance for each instance are 
presented in Table 1, while the delivered freight (satisfied 
demand) and the number of routes for each instance are 
presented in Table 2. Company O, the company with most 
delivery points (35 stores), has the longest path; but Company 
M, the company with fewest delivery points (only 10 stores), 
does not have the shortest one. Eventually, the size of the 
route not only depends on the number of customers, but also 
depends on the distances between them. In addition, the 
stochastic demand produces variability in both the path of the 
route and the number of vehicles to employ. Higher demands 
cause a larger number of vehicles and longer roundtrips for 
the companies. 
Next, each instance is analyzed under a collaborative 
strategy in which companies share all the information and 
resources, reorganizing routes in the most profitable way for 
the community, achieving a global optimization. Each of 
these instances is modeled as a multi-depot capacitated 
vehicle routing problem (MDCVRP) and solved using the 
hierarchical heuristic approach presented in Subsection 3.3. 
This heuristic allocates first, for each instance, the delivery 
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points to one of the three Companies Headquarters; then the 
algorithm solves the routing for each allocation. Results in 
terms of delivery distance for each instance are presented in 
Table 3, while the delivered freight (satisfied demand) and the 
number of routes for each instance are presented in Table 4. 
Results show that a better allocation of delivery point to the 
companies generates huge improvements for the delivery 
distances for Companies E and O, but not for the Company 
M. A deep analysis shows that this result is not bad, but is a 
consequence of the new allocation. In this new allocation, the 
company with more delivered freight is the Company M, 
which means more assigned delivery points and, consequently 
more vehicles and larger routes to fulfill the demand. 
Certainly, the large participation of this company is due to its 
good location. In addition, it is interesting to see how 
scenarios may exist where the smallest company can benefit 
the whole system. Thereby, smallest companies can increase 
the performance of the last-mile delivery in urban systems, 
achieving improvements for all the members of the horizontal 
collaboration. 
 
Table 1. Delivery distances (km) in non-collaborative scenario 
Instance Company E Company O Company M 
I1 75.50 128.65 84.90 
I2 75.50 149.62 84.90 
I3 75.50 123.40 84.90 
I4 75.50 135.11 84.90 
I5 75.50 162.60 84.90 
I6 75.50 146.82 84.90 
I7 75.50 123.77 84.90 
I8 89.40 123.02 84.90 
I9 75.50 172.02 84.90 
I10 75.50 129.97 84.90 
Total  768.90 1394.96 849.00 
 
Table 2. Delivered freight (kg) and number of routes in non-collaborative 
scenario 
 Company E Company O Company M 
Inst Delivered freight  
#  of 
routes 
Delivered 
freight  
# of 
routes 
Delivered 
freight  
# of 
routes 
I1 697 1 1478 2 391 1 
I2 664 1 1645 3 469 1 
I3 773 1 1466 2 349 1 
I4 673 1 1592 2 310 1 
I5 680 1 1557 2 390 1 
I6 728 1 1623 3 356 1 
I7 673 1 1512 2 524 1 
I8 861 2 1448 2 549 1 
I9 706 1 1743 3 394 1 
I10 742 1 1546 2 473 1 
Total  7197 11 15610 23 4205 10 
 
Table 3. Delivery distances (km) in collaborative scenario 
Instance Company E Company O Company M 
I1 72.60 47.74 94.79 
I2 72.10 50.99 104.42 
I3 68.00 61.34 100.47 
I4 64.50 59.39 104.12 
I5 69.80 45.89 99.32 
I6 104.00 57.64 96.79 
I7 67.30 54.24 95.02 
I8 71.30 50.59 102.04 
I9 74.30 50.09 95.69 
I10 57.05 67.24 98.47 
Total  720.95 545.15 991.12 
 
Table 4. Delivered freight (kg) and number of routes in collaborative scenario 
 Company E Company O Company M 
Inst Delivered freight  
#  of 
routes 
Delivered 
freight  
# of 
routes 
Delivered 
freight  
# of 
routes 
I1 720 1 728 1 1118 2 
I2 734 1 724 1 1320 2 
I3 721 1 723 1 1144 2 
I4 742 1 728 1 1105 2 
I5 723 1 773 1 1131 2 
I6 733 1 722 1 1252 2 
I7 720 1 727 1 1262 2 
I8 721 1 771 1 1366 2 
I9 749 1 738 1 1356 2 
I10 726 1 746 1 1289 2 
Total  7289 10 7380 10 12343 20 
 
In order to carry out a global performance evaluation, 
results in terms of total delivery distance, CO2 emissions, 
total number of routes and global level of vehicles utilization 
(for both non-collaborative and collaborative scenarios) are 
presented in Tables 5 and 6. Total delivery distance and total 
number of routes are computed aggregating delivery distances 
and the number of used routes for each instance. Although 
total delivery distance, CO2 emissions and total number of 
routes increase for the Company M in the collaborative 
scenario, the gains are greater than the losses; achieving a 
global optimization for the system and allowing the Company 
M to participate in bigger market share and to improve the 
utilization level of its assigned vehicles. It is important to 
emphasize that some competitive advantages (e.g. the 
Company M Headquarter location) could not have been 
exploited without the application of horizontal cooperation. 
The final comparison between the non-collaborative and 
collaborative scenarios is shown in Table 7. Several insights 
can be derived. First, notice that when comparing distance 
costs and CO2 emissions, the use the collaborative scenario 
allows reducing distance-based costs in about 25% total 
reduction value for the ten instances considered for the case 
under study. Likewise, the number of routes is reduced by 
almost 9.1% for the total of routes used in the ten generated 
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instances. Finally, it is also worthy of note the improvement 
by 10% of the vehicles utilization, which means a more 
efficient use of the available resources. 
Table 5. Performance evaluation metrics in non-collaborative scenario 
Individual 
routes 
Distance 
(km) 
CO2 level 
(g) 
Total # of 
routes 
Utilization 
Level (%) 
Company E 768.9 91499.1 11 81.8% 
Company O 1394.96 166000.24 23 84.8% 
Company M 849 101031 10 52.6% 
Total 3012.86 358530.34 44 76.7% 
Table 6. Performance evaluation metrics in collaborative scenario 
Individual 
routes 
Distance 
(km) 
CO2 level 
(g) 
Total # of 
routes 
Utilization 
Level (%) 
Company E 720.95 85793.05 10 91.1% 
Company O 545.15 64872.85 10 92.3% 
Company M 991.12 117943.28 20 77.1% 
Total 2257.22 268609.18 40 84.4% 
Table 7. Final comparison of non-collaborative and collaborative scenarios 
 Distance 
(km) 
CO2 level 
(g) 
Total # of 
routes 
Utilization 
Level (%) 
Non-Collaborative 3012,86 358530,34 44 76,7% 
Collaborative 2257,22 268609,18 40 84,4% 
% of improvement -25,08% -25,08% -9,09% 10,00% 
5. Conclusions and perspectives 
This paper was focused on quantifying the impacts of 
horizontal collaboration in last-mile delivery of goods with 
stochastic demand. A modeling approach based on single-
objective mathematical programming optimization was 
presented. Through a set of various experiments inspired from 
a real-life situation in a congested city, we outlined the 
benefits of implementing collaborative transport strategies in 
reduction of transportation costs and increase of resource 
efficiency for the same service level. Other benefits in level of 
carbon emissions and number of required vehicles were also 
quantified. These improvements demonstrate to be significant 
specially for developing economies, whose cities have many 
delivery points (stores) to supply and an insufficient 
infrastructure to deal with the increase traffic. 
Several lines for future research remain open. The current 
work addressed the evaluation of various metrics but the 
optimization of only one objective function. Since diverse 
actors, with different interest, take part in the evaluation of 
city logistics solutions, multi-criteria or multi-objective 
approaches are of relevance to be implemented. To this end, 
both problem modeling and solution approaches are to be well 
defined. For the latter, the complexity of the operational 
vehicle routing problem leads to the design of approximate 
algorithms, mainly based on meta-heuristics. In addition, an 
interesting extension of this work is to address environmental 
issues in the VRP (i.e., Green VRP). Indeed, the GVRP with 
stochastic demand is an extension of the vehicle routing 
problem presented in this paper that includes the challenges 
associated with operating a fleet of alternative fuel vehicles. 
This type of decision problems could be of interest for public-
policies decision makers. 
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